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†Department of Molecular Physiology and Biological Physics, Center for Membrane Biology, University of Virginia, Charlottesville, VirginiaABSTRACT Intrinsically disordered regions in proteins possess important biological roles including transcriptional regulation,
molecular recognition, and provision of sites for posttranslational modification. In three-dimensional crystallization of both solu-
ble andmembrane proteins, identification and removal of disordered regions is often necessary for obtaining crystals possessing
sufficient long-range order for structure determination. Disordered regions can be identified experimentally, with techniques
such as limited proteolysis coupled with mass spectrometry, or computationally, by using disorder prediction programs, of which
many are available. Although these programs use various methods to predict disorder from a protein’s primary sequence, they
all were developed using information derived from soluble protein structures. Therefore, their performance and accuracy when
applied to integral membrane proteins remained an open question. We evaluated the performance of 13 disorder prediction
programs on a dataset containing 343 membrane proteins, and upon subdatasets containing only a-helical or b-barrel proteins.
These programs were ranked using multiple metrics, including metrics specifically created for membrane proteins. Analysis of
these data shows a clear distinction between programs that accurately predict disordered regions in membrane proteins and
programs which perform poorly, and allows for the robust integration of in silico disorder prediction into our PSI:Biology
membrane protein structural genomics pipeline.INTRODUCTIONIntegral membrane proteins are responsible for many
cellular processes, and fall into functional classes that
include ion channels, transporters, enzymes, and receptors,
among others (1). In addition to their fundamental impor-
tance, membrane proteins are estimated to be targets for
the majority of existing (and future) drugs (2). Therefore,
determination of their structures is of both basic and
practical significance. However, structure determination of
membrane proteins is technically challenging (3), evi-
denced by the fact that membrane proteins comprise only
~2% of all the structures deposited in the Protein Data
Bank (PDB) as of June 2013 (4). One of the many technical
challenges in working with membrane proteins is an
abundance of intrinsically disordered regions in these pro-
teins. Approximately 70% of integral membrane proteins
are predicted to contain disordered regions, compared to
~35% in soluble proteins (5). Disordered regions in proteins
likely hinder crystallization efforts (6). In an examination of
high throughput structure determination initiatives of
membrane proteins, disordered regions in the target proteins
lead to bottlenecks at each stage of the crystallography
pipeline (7).
A long-standing dogma in biology is that the ordered
three-dimensional structure of a protein is responsible
for its function. However, numerous studies have shown
that disordered regions in proteins are necessary forSubmitted August 29, 2013, and accepted for publication February 25,
2014.
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0006-3495/14/04/1638/12 $2.00many functional roles in both soluble and membrane pro-
teins (8–10). In soluble proteins, disordered regions are
necessary for protein-nucleic acid interactions and tran-
scriptional regulation (11), posttranslational modifications
(12,13), and cell signaling (14). In membrane proteins, a
notable example of a functionally significant disordered
region is the disordered third intracellular loop (ICL3) of
G-protein coupled receptors. The intrinsic disorder of
ICL3 may enable it to interact with numerous protein tar-
gets and to induce multiple downstream signaling events
(15). The disordered ICL3 has hindered crystallization of
G-protein coupled receptors, often requiring the replace-
ment of ICL3 by a stable domain such as T4 lysozyme
(16–18). In another example, the C-terminal tail of
voltage-activated potassium channels is intrinsically disor-
dered and is hypothesized to interact with scaffolding
proteins, such as the Post-Synaptic Density 95 protein
(19). These disordered regions, in both soluble and mem-
brane proteins, have been implicated in a number of human
diseases, including cancer, cardiovascular disease, and
diabetes (20).
A number of experimental approaches are available for
the determination of disordered regions in proteins (for a
detailed review, see Receveur-Bre´chot et al. (21)),
including hydrogen/deuterium exchange mass spectrom-
etry (22), limited proteolysis (often in combination with
mass spectrometry) (23–25), and NMR (26). However,
these methods all require the expression and purification
of a target protein, and are not generally practical for
high throughput applications due to the added time and
resources needed to perform these experiments. As a
realistic alternative, many structural genomics groupshttp://dx.doi.org/10.1016/j.bpj.2014.02.025
TABLE 1 List of disorder predictors used in this study
Predictor Website Reference
DISEMBL (465) http://dis.embl.de/ (41)
DISEMBL (coils) http://dis.embl.de/
DISEMBL (hot) http://dis.embl.de/
DISOPRED 2 http://bioinf.cs.ucl.ac.uk/disopred/ (42)
ESPRITZ 1.2 http://biocomp.bio.unipd.it/espritz/ (43)
FOLDINDEX http://bip.weizmann.ac.il/fldbin/findex (44)
GLOBPLOT http://globplot.embl.de/ (45)
IUPRED (long) http://iupred.enzim.hu/ (46)
IUPRED (short) http://iupred.enzim.hu/
PREDISORDER 1.1 http://casp.rnet.missouri.edu/
predisorder.html
(47)
RONN http://www.strubi.ox.ac.uk/RONN (48)
SPINE-D http://sparks.informatics.iupui.edu/
SPINE-D/
(49)
VSL2B http://www.dabi.temple.edu/disprot/
predictorVSL2.php
(36)
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target selection and construct design phases of their pipe-
lines. The Scottish Structural Proteomics Facility (http://
www.sspf.ac.uk/) has incorporated the disorder predictor
RONN (https://app.strubi.ox.ac.uk/RONN) into their target
optimization tool TarO (27,28), whereas the Structural Pro-
teomics in Europe consortium utilizes both FOLDINDEX
(http://bip.weizmann.ac.il/fldbin/findex) and RONN to aid
in their construct design (29). Disorder prediction with
RONN has also been suggested as the first step in rational
construct design for membrane proteins, specifically the
truncation of disordered N- and C-termini (30). Lastly,
the Protein Structure Initiative (PSI):Biology-funded New
York Consortium on Membrane Protein Structure uses
the program IUPRED (http://iupred.enzim.hu/) as part of
their target selection pipeline (31).
Many different computational disorder prediction
programs exist, and have been evaluated biannually at
the Critical Assessment of Structure Prediction (CASP)
experiments beginning with the CASP5 experiment in
2002 (32). To our knowledge, each available disorder pre-
diction program was created and evaluated using informa-
tion from soluble protein structures. Little information is
available on the performance of disorder prediction pro-
grams on membrane proteins. One study, published by
Xue et al. (33), examined the properties of disordered
regions in a set of 120 membrane proteins. The results
from that study showed that the amino-acid composition
of disordered regions varied among a-helical, b-barrel,
and soluble proteins. Additionally, that study characterized
the performance, on a membrane protein dataset, of three
disorder prediction programs in the PONDR family
(Molecular Kinetics, Indianapolis, IN): VL3 (34), VLXT
(35), and VSL2 (36). Missing from this study was an
evaluation of how the many freely available disorder
prediction programs perform on membrane proteins, spe-
cifically the prediction programs evaluated in the CASP
experiments.
Our group, the Membrane Protein Structural Biology
Consortium (MPSBC), is one of the nine specialized
National Institutes of Health PSI:Biology centers devoted
to membrane protein structure determination. As part of
our pipeline, we have incorporated in silico disorder predic-
tion to aid in the selection and design of membrane protein
targets. Thus, we sought to address the open question of
which prediction program performs best on membrane pro-
teins. We used 13 disorder prediction programs to evaluate a
nonredundant membrane protein structural database.
Furthermore, each disorder predictor was tested on datasets
comprised of only a-helical and b-barrel membrane pro-
teins, and the results compared to the results from the full
membrane protein dataset. Lastly, evaluation of these pro-
grams on the most recent CASP10 dataset allows for a com-
parison of performance between membrane proteins and
soluble proteins. Using the results from this study, wehave identified a prediction program that performs well on
membrane proteins, PREDISORDER 1.1 (http://casp.rnet.
missouri.edu/predisorder.html), and have incorporated this
program into our MPSBC pipeline.MATERIALS AND METHODS
Creation of the membrane protein dataset
PDB identifiers of membrane proteins were obtained from the Protein Data
Bank of Transmembrane Proteins (PDBTM, http://pdbtm.enzim.hu/)
(37). Specifically, the nonredundant portion of the dataset, containing
sequences with <40% identity and a length longer than 30 residues, was
utilized (accessed on June 7, 2013). This dataset was further curated to
contain only structures determined by x-ray crystallography. We assigned
regions as disordered using a method standard in the in silico disorder
prediction community. Disordered regions were determined by aligning
the sequence of the protein in the SEQRES records of the PDB files with
the sequence derived from the Ca residues in the ATOM records of the
PDB files. Any residue that was present in the records from the sequence
of the protein used in the crystallization experiment, but not found in the
ATOM records, was classified as a disordered residue. Membrane-spanning
regions of each protein were determined by parsing the PDBTM XML
file for each entry, which annotates transmembrane a-helices and
b-strands. PDB identifiers of the 343 proteins found in the dataset used
in this study are listed in Table S1 in the Supporting Material, and a file
containing the membrane protein dataset is available from the authors
upon request.Selection of disorder prediction programs
Disorder prediction programs were chosen based on apparent popularity, as
tabulated in Deng et al. (38), and also based upon their utilization in
the CASP9 experiment (39). Additionally, the program was required to
permit batch processing of the membrane protein dataset. In total, 13 disor-
der prediction programs were tested in this study, and are listed in Table 1.
All programs were downloaded and installed on a local machine, with
the exceptions of FOLDINDEX, which was run via a script written
in Perl (http://www.perl.org/) that queried the FOLDINDEX webserver,
and ESPRITZ 1.2 (http://biocomp.bio.unipd.it/espritz/), which was
run by submitting a file containing each of the 343 sequences in
FASTA format to the webserver. For the programs DISOPRED 2Biophysical Journal 106(8) 1638–1649
1640 Pryor and Wiener(http://www.chemogenomix.com/chemogenomix/Disopred.html) and
SPINE-D (http://sparks.informatics.iupui.edu/SPINE-D/), which require
the creation of PSI-BLAST http://blast.ncbi.nlm.nih.gov/ profiles, the
National Center for Biotechnology Information (NCBI, U.S. National
Library of Medicine, National Institutes of Health, Bethesda, MD) non-
redundant database, posted on June 8, 2013 and containing 26,236,801
sequences, was used. All methods were run using default parameters. It
should be noted that the disorder predictors in the PONDR family (40)
were not tested in this study due to the PONDR server only allowing a
maximum of 50 predictions per user; however, the predictor VSL2B, devel-
oped by the same research group, was tested.
See also the literature (41–49).Metrics to evaluate disorder prediction programs
A total of five metrics was utilized to evaluate each program, including
three metrics created specifically to evaluate each program’s performance
on a membrane protein dataset. Because each disorder predictor is a binary
classifier, assigning each residue in a sequence to be ordered or disordered,
it is possible to calculate the number of true positives (TP), false positives
(FP), true negatives (TN), and false negatives (FN) for each predicted
sequence. ATP or TN occurs when a predictor correctly predicts an exper-
imentally determined disordered or ordered residue. An FP occurs when
a predictor incorrectly classifies an experimentally determined ordered
residue as disordered, whereas an FN occurs when a predictor incorrectly
classifies an experimentally determined disordered residue as ordered.
From these four values, two metrics, balanced accuracy (ACC, Eq. 1)
(50) and the Matthews correlation coefficient (MCC, Eq. 2) (51), can be
calculated. These two metrics have previously been used to rank disorder
prediction programs in previous CASP experiments (39,52–54). The value
of ACC ranges from 0 (perfect inverse predictor) to 1 (perfect predictor),
with 0.5 being a random predictor. The value of MCC ranges from1 (per-
fect inverse predictor) to 1 (perfect predictor) with 0 being a random
predictor:
ACC ¼
TP
ðTPþ FNÞ þ
TN
ðTN þ FPÞ
2
; (1)
TP , TN  FP ,FN
MCC ¼
ððTPþ FPÞðTPþ FNÞðTN þ FPÞðTN þ FNÞÞ1
=
2
:
(2)
A third metric calculates the percentage of predicted disorder in transmem-
brane regions (TM%). For each program, the number of disordered residues
that were predicted within transmembrane regions was divided by the total
number of predicted disordered residues. Analysis of the membrane protein
dataset shows that no disordered residues exist in transmembrane regions;
therefore, prediction programs with TM% values closer to 0% are posited
to perform better on membrane proteins.
A disorder predictor that accurately predicts correct regions of disorder
may incorrectly predict the number of disordered residues; however, pre-
dicting these regions correctly should be rewarded. For example, a disorder
predictor may predict 10 residues on the N-terminus of a 100-residue
protein to be disordered, when experimentally, 30 N-terminal residues are
disordered. In this example, the balanced accuracy would be 0.563, which
would be considered a poor prediction even though the predictor correctly
identified the N-terminus as disordered. Calculation of the percentage of
disordered regions found (RD), allows for the analysis of how well each
disorder predictor correctly identifies disordered regions. A disordered
region in a structure is considered to be predicted by a specific program
if at least one residue of that region is identified as disordered by that pro-
gram. The dataset contains a total of 667 disordered regions.Biophysical Journal 106(8) 1638–1649The final metric compares the distribution of disordered region length in
the membrane protein dataset with the distribution of disordered region
lengths obtained from each predictor. An accurate predictor should have
a distribution that closely resembles that of the membrane protein dataset.
The c2 metric (Rc2) comparing two distributions equals 1 if the distribu-
tions are identical. Formally, this metric is defined by Eq. 3, where
Predictedi is the number of predicted disordered regions of length i, and
PDBi is the number of disordered regions of length i found in the membrane
protein dataset. To account for the different number of disordered regions
found in the membrane protein dataset and predicted by each program,
the number of disordered regions of each length i is normalized by the total
number of disordered regions found:
Rc2 ¼
X#lengths
i¼ 1
  
PredictediX
Predicted
!

 
PDBiX
PDB
!!2
 
PDBiX
PDB
! : (3)
Statistical significance of the metrics was calculated as previously
described in the CASP7 experiment (53). Briefly, a bootstrapping method
(55) was utilized where 80% of the targets were randomly selected 1000
times and the standard errors of the scores were calculated.
Receiver operating characteristic (ROC) curves (56) were also calcu-
lated, but not used in the final ranking of programs. Most disorder predic-
tion programs output a probability of disorder for each residue; if the
probability is above a certain value (typically 0.5), the residue is classified
as disordered. A ROC curve is a plot of sensitivity (TP/(TP þ FN)) against
the false-positive rate (FP/(TNþ FP)) for a number of probability threshold
cutoffs, which were varied from 0 to 1 in increments of 0.001. For each
cutoff value, residues with a probability above the cutoff were classified
as disordered, and sensitivity and false-positive rate calculated. A ROC
curve can be calculated for a disorder prediction program if it outputs an
individual probability of disorder for each residue. Output from
the programs GLOBPLOT (http://globplot.embl.de/), FOLDINDEX,
DISEMBL (hot), DISEMBL (coils), and DISEMBL (465) (http://dis.
embl.de/) do not contain individual probabilities for each residue, thus
prohibiting calculation of ROC curves for these programs. Calculating
the area under the ROC curve (AUC) is a measure of program performance.
AUC values range from 0 to 1, with a value of 1 indicating a perfect predic-
tor. AUC values for each ROC curve were calculated using SIGMAPLOT
8.02 (SPSS, IBM Corporation, Armonk, NY).Calculation of crystal contacts
The Crystal Contact Analysis server (CryCo, http://ligin.weizmann.ac.il/
cryco) (57) was utilized to determine the residues of each protein in the
membrane protein dataset existing at crystal contacts. Using a Perl script,
each protein was passed to the server (using the default settings), and the
output parsed. Of the 343 proteins in the membrane protein dataset, crystal
contact information for 316 was extracted. Crystal contact information for
the remaining 27 proteins could not be calculated due to the large size of the
PDB files.Performance on CASP10 dataset
The 94 sequences used to evaluate disorder prediction programs in the latest
CASP10 experiment were downloaded from the CASP website (http://
predictioncenter.org/casp10/). Residues marked as X or N were not consid-
ered in the analysis. The CASP10 dataset is comprised of 24,190 residues,
of which 1502 are disordered (6.2% disordered). Each of the 13 disorder
prediction programs evaluated in this study was run on the CASP10 dataset,
as described above, using the default parameters for each program.
FIGURE 1 Properties of the 343 proteins in the membrane protein data-
set. (A) Distribution of resolutions of proteins in the membrane protein data-
set. Resolutions range from 1.20 A˚ (PDB:3M71) to 8.20 A˚ (PDB:4AC5)
with an average resolution of 2.98 A˚. (B) Distribution of protein lengths.
Lengths of proteins in the membrane protein data set range from 31 residues
(4FE1_M, 4H1W_B, and 1Q90_N) to 1306 residues (4F4C_A) with an
average length of 329 residues. (C) Distribution of disordered region length
in the membrane protein dataset. In total, 667 disordered regions exist with
an average length of 14 residues.
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Performance of disorder prediction programs on
a membrane protein dataset
The performance of 13 disorder prediction programs (listed
in Table 1) was evaluated on a dataset comprising 343
membrane proteins whose structures were determined by
x-ray crystallography. Of these proteins, 286 are a-helical,
and 57 are b-barrel. In total, these proteins are comprised
of 112,814 ordered residues and 9,591 disordered residues
(8.5% disordered). The average resolution and length of
the proteins in the dataset is 2.98 A˚ and 329 residues,
respectively (Fig. 1, A and B). There is a total of 667 disor-
dered regions in the dataset, with an average length of 14
residues. The distribution of disordered region lengths is
shown in Fig. 1 C. Each of the 13 disorder prediction pro-
grams was run on the membrane protein dataset, and evalu-
ated and ranked individually based upon five different
metrics. The ranking of each individual metric was then
summed to determine an overall ranking of predictors
(Table 2). Full performance data of each of the programs
are shown in Table S2 and intermetric correlation coeffi-
cients are listed in Table S3.
Balanced accuracy (ACC) and Matthews correlation
coefficient (MCC), previously used in CASP evaluations
(39,52–54), are strongly correlated with one another (r ¼
0.846, see Table S3). A clear separation exists between
the two programs, SPINE-D and PREDISORDER 1.1,
possessing highest ACC values (whose ACC values are
statistically similar), and the next best performing program,
DISOPRED 2, whose ACC value differs by 3.5% from that
of PREDISORDER 1.1. Similar trends exist when exam-
ining the rankings based upon MCC, where the two predic-
tors, DISOPRED 2 and ESPRITZ 1.2, possess the highest
(and statistically similar) MCC values, whereas the
MCC value for the next best performing predictor,
PREDISORDER 1.1, differs by 13.1% from ESPRITZ
1.2. As observed with the best performing predictors,
the three worst performing disorder predictors on the
membrane protein dataset GLOBPLOT, IUPRED (long),
and FOLDINDEX have similar ACC and MCC values,
which are close to those of a random predictor (0.5 for
ACC, and 0 for MCC).
We created three additional metrics to evaluate each of
the disorder prediction programs. A common property often
examined in the analysis of disorder prediction programs is
the distribution of disordered region lengths in the dataset
(shown in Fig. 1 C for the membrane protein dataset used
in this study, and also previously shown for the CASP7–9
datasets (39,52,53)). The first of these new metrics, Rc2,
examines the distributions of disordered region lengths
between what is observed in the membrane protein dataset
and what is predicted by each program, by calculating c2
between the two distributions. As an example, Fig. 2 A illus-trates the normalized distribution of disordered region
lengths for the membrane protein dataset (black line) over-
laid with the most similar (PREDISORDER 1.1, red line)
and least similar (DISEMBL (hot), cyan line) distributions
from the disorder prediction programs. Plots comparing
disordered region length distributions for each of the pro-
grams are shown in Fig. S1 in the Supporting Material.Biophysical Journal 106(8) 1638–1649
TABLE 2 Performance of disorder predictors on the membrane protein dataset
Predictor ACC5 SE MCC5 SE Rc25 SE RD 5 SE (%) TM%5 SE (%) Ranking
PREDISORDER 1.1 0.7855 0.006 (1) 0.4115 0.007 (2) 20.6185 3.120 (1) 87.415 0.63 (1) 3.895 0.21 (3) 1 (8)
DISOPRED 2 0.7575 0.006 (2) 0.4825 0.009 (1) 23.1085 3.837 (1) 71.665 0.91 (3) 2.405 0.23 (2) 2 (9)
SPINE-D 0.7905 0.006 (1) 0.4065 0.008 (2) 24.7645 3.992 (1) 83.065 0.81 (2) 14.445 0.51 (7) 3 (13)
ESPRITZ 1.2 0.7245 0.006 (3) 0.4745 0.009 (1) 39.8135 6.184 (2) 68.525 0.99 (4) 4.185 0.32 (3) 3 (13)
VSL2B 0.7385 0.006 (3) 0.3555 0.008 (3) 24.7905 3.533 (1) 82.765 0.76 (2) 4.725 0.28 (4) 3 (13)
IUPRED (short) 0.6695 0.005 (5) 0.3905 0.010 (2) 61.8045 5.055 (3) 65.675 0.94 (5) 3.995 0.37 (3) 4 (18)
RONN 0.6875 0.005 (4) 0.2895 0.009 (4) 36.2825 7.814 (1) 49.185 1.03 (6) 8.475 0.40 (5) 5 (20)
DISEMBL (hot) 0.6245 0.004 (6) 0.3725 0.009 (3) 200.6945 15.380 (6) 32.235 0.88 (8) 1.105 0.17 (1) 6 (24)
DISEMBL (465) 0.6575 0.005 (5) 0.2545 0.009 (5) 130.6015 10.978 (5) 50.535 0.98 (6) 7.445 0.43 (5) 7 (26)
DISEMBL (coils) 0.6165 0.005 (6) 0.1295 0.006 (7) 95.0085 7.516 (4) 73.615 0.88 (3) 16.015 0.42 (8) 8 (28)
GLOBPLOT 0.5805 0.004 (7) 0.1365 0.008 (7) 77.0025 6.687 (3) 42.285 0.93 (7) 10.865 0.41 (6) 9 (30)
IUPRED (long) 0.5885 0.005 (7) 0.2275 0.011 (6) 128.5365 10.747 (5) 29.245 1.01 (9) 5.345 0.56 (4) 10 (31)
FOLDINDEX 0.5735 0.006 (7) 0.1275 0.011 (7) 116.4185 20.047 (4) 20.845 0.98 (10) 20.335 0.94 (9) 11 (37)
Ranking of each predictor for each metric is given in parentheses. The overall ranking of the programs was determined by summing each of the individual
rankings for each evaluation metric. These results are given in the column ‘‘Ranking,’’ with the sum of individual metric rankings given in parentheses.
1642 Pryor and WienerExamining this data, there are small increases, not statisti-
cally significant, in Rc2 values of the first five programs.
The first statistically significant difference in Rc2 occurs
between RONN and ESPRITZ 1.2, with an increase of
~2% between the two programs. The rankings based upon
the Rc2 metric correlate well with the commonly used
ACC and MCC metrics, with correlation coefficients of
0.819, and 0.643, respectively (see Table S3).
An interesting observation is that>31% of the disordered
regions in the membrane protein dataset have a length
between one and five residues. This observation explains
why certain disorder prediction programs, such as
GLOBPLOT, FOLDINDEX, and the three programs in the
DISEMBL suite, perform poorly according to this metric.
Each of these programs uses a peak-width parameter, which
defines the minimum length required to predict a disordered
region. For example, the default peak width for the three
DISEMBL programs is eight, meaning that these programs
will not return any disordered regions between one and
seven residues. The other two programs that performed
poorly according to this metric are IUPRED (short) and
IUPRED (long), which predict a large number of short
disordered regions. IUPRED (short) predicted ~60% of
disordered regions with a length between one and five resi-
dues, whereas IUPRED (long) predicted ~75% of disor-
dered regions in the same range.
The fourth metric used in this study examined how accu-
rately a predictor was able to correctly identify a region of
disorder. This metric, percentage of disordered regions
found (RD), defined a correctly predicted region of disorder
if at least one residue in that region was predicted as disor-
dered. This metric was designed as an attempt to move from
a very specific per-residue analysis of evaluation, to a more
broad analysis. Using this metric, we are able to assess how
well each predictor correctly identified residues within an
area of a protein as disordered, which most commonly is
the N- or C-terminus of the protein. In the membrane protein
dataset, there is a total of 667 disordered regions (Fig. 1 C).Biophysical Journal 106(8) 1638–1649PREDISORDER 1.1 had the highest RD value, with
SPINE-D and VSL2B having the next highest, and statisti-
cally identical, values. Overall, a low correlation (r ¼
0.437) exists between RD, and the total number of predicted
disordered residues (see Fig. S2 A). For example, the pro-
gram DISEMBL (coils), which had the fourth highest RD
value, predicted the most disordered residues (53,676) of
any program. The rankings based upon this metric are high-
ly correlated with both ACC and Rc2 (r ¼ 0.830 and 0.764,
respectively); however, there is only a moderate correlation
with the MCC metric (r ¼ 0.571).
The last metric that we used was created to specifically
examine the performance of disorder prediction programs
on membrane proteins. An examination of the membrane
protein dataset shows that no disordered residues exist in
transmembrane a-helices or b-sheets, i.e., every residue
classified as being in a transmembrane domain is present
in the electron density of the crystal structure. This observa-
tion agrees with the hypothesis that, due to the nature of the
lipid bilayer, membrane-spanning domains are highly stable
(58,59). Thus, we surmised that a disorder prediction pro-
gram that performs well on membrane proteins will predict
very few disordered residues in transmembrane domains.
The metric TM% calculates the percentage of disordered re-
gions predicted in transmembrane domains. Six of the disor-
der predictors have TM% values below 5%, whereas the
worst performing program (FOLDINDEX) predicts ~20%
of its disordered residues in transmembrane domains. A sur-
prising result is a predictor that performed poorly in the
other four metrics, DISEMBL (hot), performed the best in
this particular metric, only predicting ~1% of disordered
residues in transmembrane domains. This result can be
potentially explained by the observation that DISEMBL
(hot) is a very conservative predictor that predicts the least
amount of disordered residues (4019, 3.6% of the total) of
all the programs. A moderate correlation exists between
the total number of disordered residues predicted by a pro-
gram and TM% (r ¼ 0.537, see Fig. S2 B). Comparing the
FIGURE 2 Examples of two metrics used to evaluate disorder prediction
programs. (A) Plot illustrating c2 values between distributions of disordered
region length (Rc2). Distributions of the lengths of disordered regions were
calculated for the membrane protein dataset (black line) and each of the 13
disorder prediction programs. Shown in the plot are the distributions for the
best (PREDISORDER 1.1, red line, Rc2 ¼ 20.618) and worst (DISEMBL
(hot), cyan line, Rc2 ¼ 200.694) performing predictors determined by this
metric. (B) ROC curves of best and worst performing predictors. The AUC
for PREDISORDER 1.1 (black line) is 0.871, whereas the AUC for
IUPRED (long) (red line) is 0.719.
Disorder Prediction of Membrane Proteins 1643rankings based upon TM% to the rankings based upon the
two standard metrics of ACC and MCC, there is moderate
correlation to ACC, and high correlation to MCC, with cor-
relation coefficients of 0.418 and 0.731, respectively (see
Table S3). However, when comparing the other two metrics
created specifically for this study, Rc2 and RD, there is little
correlation between these metrics and the rankings based
upon TM% (r ¼ 0.187 and 0.170, respectively).
After evaluation of the membrane protein dataset, each
predictor was ranked individually according to each metric.
For each individual metric, programs received nonidentical
ranks if a statistically significant difference (p < 0.05) ex-
isted between the values of that particular metric. The sum
of the five ranks determined the final ranking of predictors
(Table 2). Based upon these five metrics, the best perform-ing disorder prediction program on the membrane protein
dataset is PREDISORDER 1.1, which ranked in the top
three for each of the five metrics used. To determine how
the 13 prediction programs correlate to one another on the
same protein target, individual ACC values for each protein
in the membrane protein dataset were calculated for each
prediction program and compared to the average ACC for
that protein (see Fig. S3 and Table S4). This allows for
the identification of proteins in which all of the disorder
prediction programs performed well or performed poorly.
Representative examples of membrane proteins, with
intrinsic disorder predicted well or poorly (according to
average ACC values) by each of the disorder predictors,
are shown in Fig. 3. Additionally, in the membrane protein
dataset, disordered regions exist only in extramembranous
regions, completely absent from transmembrane domains
of the proteins. Fig. S4 shows representative examples of
well-predicted extramembranous regions by the top-ranked
disorder prediction program, PREDISORDER 1.1.
Another metric commonly calculated for disorder predic-
tion programs is AUC, the area under the ROC curve. AUC
values were not used in the final rankings, as they could not
be calculated for all of the programs. AUC values for eight
of the disorder prediction programs are shown in Table 3,
and ROC curves for the best (PREDISORDER 1.1) and
worst (IUPRED (long)) performing programs, according
to AUC, are shown in Fig. 2 B. Graphs of the ROC curves
for each of the eight programs are shown in Fig. S5. An
examination of these values shows a strong agreement
between the final rankings shown in Table 1, and the rank-
ings based upon AUC, with PREDISORDER 1.1 still per-
forming the best on the membrane protein dataset.Effects of crystal contacts on protein disorder
We sought to determine whether residues in the membrane
protein dataset, which are predicted in silico to be disor-
dered, become ordered when at the site of a crystal contact.
In other words, do crystal contacts induce structure in nor-
mally disordered regions of the protein? To address this
question, we examined the occurrence of FPs in the mem-
brane protein dataset. False-positives exist when a predic-
tion program classifies a residue as disordered, but the
residue is ordered in the protein structure. From this, we
can calculate the false-positive rate (FPR ¼ FP/(FP þ
TN)) for each prediction program. Using the CryCo server
(57) residues existing at crystal contacts for 316 proteins
in the membrane protein dataset were extracted. Overall,
for each of the prediction programs, between 11 and 20%
of the false positives exist at a crystal contact (see Table
S5). Additionally, an FPR for residues existing at crystal
contacts was calculated by determining the number of FPs
and TNs that exist at crystal contacts. Compared to the over-
all FPR, the FPR for residues existing at crystal contacts is
statistically higher (p< 0.05) for 11 of the 13 programs (seeBiophysical Journal 106(8) 1638–1649
FIGURE 3 Representative examples of disorder prediction by all 13 programs. (Red) Disordered residues; (blue) ordered residues; (green) PDB topology
for a-helices; (orange) b-strands. (A) Examples of disorder prediction on monotopic membrane proteins where each of the 13 prediction programs performed
well (top, average ACC ¼ 0.903) and poorly (bottom, average ACC ¼ 0.363). (B) Examples of disorder prediction on polytopic membrane proteins where
each of the 13 prediction programs performed well (top, average ACC ¼ 0.889) and poorly (bottom, average ACC ¼ 0.411).
1644 Pryor and WienerTable S5), with the two outliers, IUPRED (long) and
FOLDINDEX, being the worst performing predictors (Table
2). These results suggest, intriguingly, that crystal contacts
may play a role in ordering intrinsically disordered extra-
membranous regions of integral membrane proteins.Performance comparison on a-helical and
b-barrel proteins
To determine whether differences in prediction performance
exist between a-helical and b-barrel membrane proteins, theTABLE 3 Area under the curve (AUC) measurements for
selected disorder predictors
Predictor AUC
PREDISORDER 1.1 0.871
SPINE-D 0.868
DISOPRED 2 0.864
ESPRITZ 1.2 0.843
VSL2B 0.824
IUPRED (short) 0.799
RONN 0.761
IUPRED (long) 0.719
Biophysical Journal 106(8) 1638–1649membrane protein dataset was divided into these two
classes:
1. The a-helical dataset comprises 286 proteins, for a total
of 87,311 residues, 7908 of which are disordered (9.1%
disordered). Additionally, there are 544 disordered
regions with an average disordered region length of 15
residues.
2. The b-barrel dataset, consisting of 57 proteins, contains a
total of 25,503 residues, 1683 of which are disordered
(6.6% disordered). There are 123 disordered regions
found in the proteins in this dataset, with an average
disordered region length of 14 residues.
In comparison to the full membrane protein dataset, the
a-helical dataset is slightly more disordered whereas
the b-barrel dataset is slightly less disordered. Both the
a-helical and b-barrel datasets have an average disordered
region length that is similar to the full membrane protein
dataset.
The five metrics used to evaluate the full membrane pro-
tein dataset were used to evaluate the a-helical and b-barrel
datasets (Fig. 4). The performance data for both datasets are
FIGURE 4 Performance of disorder prediction programs on a-helical and b-barrel proteins. (Black) Performance on all 343 proteins in the membrane
protein dataset; (red) performance on the 286 a-helical proteins; (yellow) performance on the 57 b-barrel proteins. Results for each of the five metrics
used to evaluate each disorder prediction program are shown. (A) Balanced accuracy (ACC). (B) Matthews correlation coefficient (MCC). (C) c2 comparing
distributions of disordered region lengths (Rc2). (D) Percentage of disordered regions found (RD). (E) Predicted disorder in transmembrane regions (TM%).
Disorder Prediction of Membrane Proteins 1645shown in Table S6 and Table S7. Examination of the ACC
metric shows that, overall, only slight differences exist
between each protein class, and performance is similar on
each (Fig. 4 A). Of the 13 disorder prediction programs, per-
formance on the a-helical dataset is slightly better than on
the b-barrel dataset for 11 of the programs. The largest
deviation exists with the program DISEMBL (coils), where
the ACC value (from the first metric) for the a-helical data-
set is 10.3% greater than that of the b-barrel dataset. The
two programs where performance on the b-barrel dataset
is better than their performance on the a-helical dataset
are DISEMBL (hot) and IUPRED (long), in which the
ACC values for the b-barrel dataset are 0.9 and 8.7% higher
than the a-helical dataset, respectively. Contrary to what is
observed with the ACC metric, there are large differences
between each topology class when the MCC metric (the
second metric) is used (Fig. 4 B). MCC values were greater
for the a-helical dataset than on the b-barrel dataset for each
predictor examined, and range from 6.9% (IUPRED (long))
to 38.3% (DISEMBL (465)) larger.
Examination of Rc2, the third metric, shows a similar
trend to that observed with the MCC metric. For 10 of the
disorder predictors, performance on a-helical proteins was
better than on b-barrel proteins (Fig. 4 C). The largestdiscrepancy in performance is seen with IUPRED (long),
where Rc2 for the a-helical dataset is 46.7% lower than
the value for the b-barrel dataset. The only instance where
performance on the b-barrel dataset is significantly better
than the a-helical dataset is seen with the program
FOLDINDEX, where there is a 32.5% difference between
the two values. These results indicate that even though the
average length of disordered region is the same for both
topology datasets, the distributions of the disordered region
lengths differ in each dataset.
The fourth metric examined, RD, shows varied perfor-
mance between each prediction program (Fig. 4 D). For
five of the disorder prediction programs, there is no signifi-
cant difference in RD value between each transmembrane
secondary structure dataset (<4% difference); however,
three of the predictors perform better on thea-helical dataset,
whereas five of the predictors perform better on the b-barrel
dataset. Of the three programs that perform better on the a-
helical dataset, the largest difference is seen with ESPRITZ
1.2, whose RD is 19.2% higher for the a-helical dataset
than for the b-barrel dataset. In contrast, four of the five pro-
grams that perform better on the b-barrel dataset (RONN,
DISEMBL (coils), IUPRED (long), and FOLDINDEX)
have RD values that are >24% higher than the RD value forBiophysical Journal 106(8) 1638–1649
TABLE 5 Rankings of disorder predictors on b-barrel proteins
Predictor ACC MCC Rc2 RD TM% Ranking
SPINE-D 1 1 1 2 2 1 (7)
PREDISORDER 1.1 1 2 2 2 2 2 (9)
DISOPRED 2 2 1 1 4 3 3 (11)
VSL2B 2 3 1 2 4 4 (12)
ESPRITZ 1.2 2 1 1 5 4 5 (13)
RONN 2 3 1 3 5 6 (14)
DISEMBL (hot) 3 1 4 6 1 7 (15)
IUPRED (short) 3 2 3 4 4 8 (16)
IUPRED (long) 3 3 4 4 4 9 (18)
DISEMBL (coils) 5 5 2 1 6 10 (19)
DISEMBL (465) 4 4 3 5 5 11 (21)
GLOBPLOT 4 4 3 5 5 11 (21)
FOLDINDEX 5 5 1 5 7 12 (23)
Ranking of each predictor for each metric is given in parentheses. The over-
all ranking of the programs was determined by summing each of the indi-
vidual rankings for each evaluation metric. These results are given in the
column ‘‘Ranking,’’ with the sum of individual metric rankings given in
parentheses.
1646 Pryor and Wienerthe a-helical dataset; the largest difference is observed with
the program FOLDINDEX (35.3% greater).
The fifth (and last) metric used to evaluate the two topol-
ogy datasets, TM%, is shown in Fig. 4 E. Two observations
emerge from examination of this metric: The first observa-
tion is that, with one exception (SPINE-D), all of the disor-
der predictors perform better on the a-helical dataset; the
second observation is that the performance on the a-helical
dataset by these programs is quite good, with eight of the 13
programs having TM% values under 2%. There are some
striking performance differences by some of the programs
on each topology dataset. For example, the program
FOLDINDEX has a TM% value of 1.38% for the a-helical
dataset and a TM% value of 31.92% for the b-barrel dataset.
The observed variations in performance between the two
topology datasets might have to do with the inherent differ-
ences between a-helical and b-barrel proteins, specifically
the number of membrane-spanning domains. The proteins
in the b-barrel dataset have an average of 15 transmembrane
domains, whereas the proteins in the a-helical dataset have
an average of five transmembrane domains. Perhaps the
decreased performance on the b-barrel dataset is due to
more transmembrane domains being present in these pro-
teins, increasing the probability that a predicted disordered
residue will reside in that domain.
Similar to the analysis performed with the results from
the full membrane protein dataset, for both transmembrane
secondary structure datasets each predictor was ranked
based upon its performance using the five metrics. The rank-
ings for the a-helical dataset are shown in Table 4, and the
rankings for the b-barrel dataset are shown in Table 5. In
addition to ranking the predictors based upon performance
of each transmembrane secondary structure dataset, these
results also allow users to examine the contributions ofTABLE 4 Rankings of disorder predictors on a-helical
proteins
Predictor ACC MCC Rc2 RD TM% Ranking
PREDISORDER 1.1 1 2 1 1 5 1 (10)
DISOPRED 2 2 1 1 3 3 1 (10)
VSL2B 2 3 2 2 3 2 (12)
ESPRITZ 1.2 3 1 2 3 4 3 (13)
SPINE-D 1 2 1 2 8 4 (14)
IUPRED (short) 5 2 3 4 1 5 (15)
RONN 4 4 1 6 5 6 (20)
DISEMBL (465) 5 5 5 5 4 7 (24)
DISEMBL (hot) 7 3 6 8 2 8 (26)
DISEMBL (coils) 6 8 4 4 7 9 (29)
IUPRED (long) 8 6 4 9 2 9 (29)
FOLDINDEX 8 7 5 10 3 10 (33)
GLOBPLOT 8 8 4 7 6 10 (33)
Ranking of each predictor for each metric is given in parentheses. The over-
all ranking of the programs was determined by summing each of the indi-
vidual rankings for each evaluation metric. These results are given in the
column ‘‘Ranking,’’ with the sum of individual metric rankings given in
parentheses.
Biophysical Journal 106(8) 1638–1649each transmembrane secondary structure class on the full
membrane protein dataset. Overall, these rankings differ
slightly from the rankings calculated based on the full mem-
brane protein dataset shown in Table 2; however, the
same programs rank in the top five on all three datasets.
The best performing programs for a-helical proteins is
PREDISORDER 1.1 and DISOPRED 2 (tied), whereas
SPINE-D performs the best on b-barrel proteins. The best
performing program on the full membrane protein dataset,
PREDISORDER 1.1, ranks second for the b-barrel dataset.Comparison to soluble protein prediction
Lastly, we sought to assess whether the top performing dis-
order prediction programs perform differently on membrane
proteins compared to soluble proteins. To test these differ-
ences, the 13 disorder prediction programs were run using
the 94 protein sequences from the most recent CASP10
dataset (see Table S8). A comparison of ACC and MCC
values for each of the prediction programs on the membrane
protein and CASP10 datasets is shown in Fig. 5. In terms of
ACC, performance on both datasets is consistent between
both protein datasets (Fig. 5 A). The ratio of ACC (mem-
brane protein dataset) to ACC (CASP10 dataset) ranges
from 1.11 (DISEMBL (coils)) to 0.98 (DISEMBL (465)),
with an average ratio of 1.03 5 0.04. Examination of
MCC values shows larger variations in performance be-
tween the membrane protein dataset and the CASP10 data-
set for most of the disorder prediction programs (Fig. 5 B).
The ratio of MCC (membrane protein dataset) to MCC
(CASP10 dataset) ranges from 2.48 (DISEMBL (coils)) to
0.97 (GLOBPLOT), with an average ratio of 1.375 0.39.
According to the MCC metric, performance of all but one
disorder predictor (GLOBPLOT) is better on the membrane
protein dataset, a striking result. This difference in perfor-
mance was also observed when the PONDR family of
FIGURE 5 Comparison of membrane protein and CASP10 datasets. The
94 sequences in the CASP10 dataset were analyzed with each of the 13
disorder predictors tested in this study. (Black) Values for the membrane
protein dataset; (red) values for the CASP10 dataset. (A) Comparison of
balanced accuracy (ACC) between each of the predictors shows that very
few differences exist between the two datasets. (B) Comparison of the
Matthews correlation coefficient (MCC) between each disorder predictor
shows larger performance discrepancies between the two datasets with per-
formance generally being better on the membrane protein dataset.
Disorder Prediction of Membrane Proteins 1647disorder predictors was evaluated using a membrane protein
dataset (33). In that study, the better performance on a mem-
brane protein dataset was observed with the AUC metric.
The better performance on the membrane protein dataset
is particularly interesting, considering that these programs
were created using knowledge of soluble protein structures
(not membrane protein structures). We also evaluated the
CASP10 dataset using the two metrics created specifically
for this study, Rc2 and RD (see Fig. S6). Using the Rc
2
metric, there are few observable differences between the
top performing programs on both datasets, whereas analysis
with RD shows slightly better performance on the membrane
protein dataset for the top performing programs.CONCLUSIONS
The main goal of this study was to evaluate the performance
of a number of available disorder prediction programs on adataset comprised of integral membrane proteins. Because
these programs were created and tested based upon
knowledge derived from soluble protein structures, we
wanted to examine the performance of these programs
when applied to membrane proteins. On a dataset comprised
of both a-helical and b-barrel proteins, the program
PREDISORDER 1.1 was the overall best performing, and
also ranked first in the a-helical dataset and second in the
b-barrel dataset. Additionally, there are no major differences
in performance of these programs between membrane
proteins and soluble proteins, although we obtained the
surprising result that performance on membrane proteins
is slightly better than on soluble proteins.
Overall, these results indicate that some of the disorder
prediction programs tested here are suitable for use on inte-
gral membrane proteins. Although our performing this
comparative analysis was motivated by our use of in silico
disorder prediction in our x-ray crystallographic structure
determination pipeline, other applications exist. For
example, removal of disordered regions would likely reduce
the size of the protein detergent complex, and smaller
protein detergent complex size will generally improve the
quality of solution NMR spectra. Also, researchers studying
the biological importance of disordered regions in trans-
membrane proteins, which have an increasing number of
functional roles, can use a disorder prediction program to
identify these regions.
Based upon our analysis, we have incorporated
PREDISORDER 1.1 for use in the target selection and con-
structed design steps of our MPSBC crystallographic struc-
ture determination pipeline. Typically, a potential target
protein is examined, and if large regions of disorder exist
between predicted transmembrane helices, the target is
given a low priority or not selected. Regions of disorder
located at the termini of the protein are truncated if they
are longer than 15 residues, fall outside of predicted trans-
membrane domains, and are not implicated to play signifi-
cant functional roles. Other implementations of in silico
disorder prediction programs are certainly also reasonable.
For example, DISOPRED 2 could be used on predicted
a-helical membrane proteins, and SPINE-D could be used
on predicted b-barrel membrane proteins. (We note that
we find no significantly noticeable difference in practical
utility if we use DISOPRED 2 instead of PREDISORDER
1.1.) Alternatively, several programs (e.g., PREDISORDER
1.1 and DISOPRED 2, or PREDISORDER 1.1 and
SPINE-D) can be used and compared; such an approach
has been adapted by structural genomics efforts directed
to soluble proteins (29).
We calculated an unweighted sum of each metric’s
numerical ranking for the final score of each program. Other
potential users may wish to use different weighting
schemes, so we have provided all of the individual values
of each of the characteristic metrics. With increasing
numbers of membrane protein structures available,Biophysical Journal 106(8) 1638–1649
1648 Pryor and Wienerdesigners of disorder prediction programs can utilize this
information in the creation and training of their programs.
There may be additional value gained from integrating
information from other sources such as hydropathy plots
and transmembrane domain prediction, which may prove
quite helpful in predicting disordered regions in integral
membrane proteins. We encourage the disorder prediction
community to incorporate a testing set of integral membrane
proteins into future program development and evaluation.SUPPORTING MATERIAL
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